Background: Little research demonstrating the association between nurse continuity and patient outcomes exists despite an intuitive belief that continuity makes a difference in care outcomes.
Poor care continuity, a nurse-staffing variable, may adversely affect patient outcomes. Current staffing practices, unfortunately, have nurses frequently assigned to new patients every shift. This practice leaves them with no basis of comparison from the day before and may affect their ability to identify and intervene on ominous changes in patient status. This problem is further magnified with novice or new graduate RNs who have little experiential base to compare their findings. In the current hospital environment, nurses float between units, part-time nurses fill gaps in the schedule, and nurses care for a larger number of patients than in previous eras. These staffing practices also affect care continuity and may further impair the nurses' ability to recognize and expediently intervene on negative changes in patient status. Researchers have examined other nurse-staffing variables integral to reorganization efforts, such as RN education, experience, or patient-to-nurse ratios, but failed to demonstrate convincing evidence to explain how changes in nurse staffing may influence negative careassociated outcomes such as never events (Bolton et al., 2007; Mark, Harless, McCue, & Xu, 2004) . We believe an examination of nurse continuity may provide the missing link to demonstrate that connection.
Chief nursing officers have historically not been able to challenge these current staffing trends as there has been no data readily available to do so. A chief nursing officer needs data representing staffing variables, such as nurse continuity, as well as linked data that can help demonstrate the connection between nurse staffing and patient outcomes. Without the data to support nursing services changes, reorganization efforts may exacerbate hospital-acquired adverse events. Discovering the hidden knowledge available within electronic health record (EHR) data using data mining and then leveraging this data to improve nurse staffing and subsequent patient care outcomes may offer an important approach to provide evidence needed to reduce hospital costs and enhance care quality. The term big data is used to describe data sets that are of a size or complexity that is beyond the ability of typical database software tools (McKinsey Global Institute, 2011) . Data mining is a process that employs data analysis tools to identify patterns and relationships that emerge from big data and has historically been used to make predictions in disciplines such as marketing and sales (Two Crows Corporation, 1999) . The purpose of our study was to determine the association between nurse continuity and the presence of one never event, hospital-acquired pressure ulcers (HAPUs), using the Hands on Automated Nursing Data System (HANDS) (Keenan et al., 2012; Keenan, Tschannen, & Wesley, 2008) , an electronic nursing plan of care database, as the big data source.
BACKGROUND
Extensive research has shown the association of multiple individual nurse-staffing variables and patient outcomes. These studies were compiled in a recent state of the science review (Brennan, Daly, & Jones, 2013) of 29 systematic or literature reviews. Significant associations between additional nursing care hours/higher proportion of RN care and patient outcomes, including reductions in mortality (Blegen, Goode, Spetz, Vaughn, & Park, 2011; Kane, Shamliyan, Mueller, Duval, & Wilt, 2007) , falls (Blegen et al., 2011) , and PUs (Blegen et al., 2011; Sovie & Jawad, 2001) , have been documented. Kane et al. (2007) noted that reducing the number of patients cared for by each RN reduced the odds of nosocomial sepsis, cardiac arrest, and medical complications. Aiken, Sloane, Lake, Sochalski, and Weber (1999) learned that the use of an additional RN per patient day reduced the odds of dying within 30 days by more than one half. Additional associations included a richer RN skill mix (i.e., a higher RN-to-ancillary personnel ratio) and increased satisfaction (Seago, Williamson, & Atwood, 2006) , and more RN education and experience and improved mortality (Aiken, Clarke, Cheung, Sloane, & Silber, 2003; Estabrooks, Midodzi, Cummings, Ricker, & Giovannetti, 2005; Tourangeau et al., 2007) .
Results of these studies are suggestive that investment in additional RNs with more education and hours of care at the bedside would result in reduced incidence of negative patient outcomes. However, this connection is inconsistently shown. Institution of mandatory RN staffing ratios generated no significant improvement in PU prevalence (Bolton et al., 2007) . Additional researchers found no connection between RN staffing and incidence of PUs (Mark et al., 2004) and no differences in patient mortality with either increased RN experience (Sasichay-Akkadechanunt, Scalizi, & Jawad, 2003) or education levels (Blegen et al., 2011; Sasichay-Akkadechanunt et al., 2003) . We believe that one possible interpretation of this inconsistency is that not all critical staffing variables, including nurse continuity, can be validly linked to the outcome and examined together.
The MISSCARE Survey study (Kalisch, Landstrom, & Williams, 2009 ) examined missing care provided to patients and reported missed assessments (44%), interventions (73%), and planning (71%) that occurred secondary to inadequate nurse staffing. Similarly, Ausserhofer et al. (2014) examined nursing care left undone as part of the European RN4CAST study with 9%-10% of RNs reporting missed care for treatments and up to 27% of nurses reporting inadequate patient surveillance. Although these studies suggest that poor patient-to-nurse staffing ratios, nurse employment level, education, and experience are potential precursors of missed care, neither study examined nurse continuity. Research studies describing the association of shift length also include negative outcomes, with longer shift lengths being associated with increased errors (Rogers, Hwang, Scott, Aiken, & Dinges, 2004; Scott, Rogers, Hwant, & Zhang, 2006) and performance lags (Fitzpatrick, While, & Roberts, 1999) , with less nursing time spent in direct patient care as the shift lengthens (Reid, Robinson, & Todd, 1993) . Finally, staff "churn" (change in staffing with use of part-time, float, or agency staff) has been found to interfere with team functioning and care continuity (Duffield, Roche, O'Brien-Pallas, & Catling-Paull, 2009) , with potential negative repercussions for patient outcomes.
To date, there has been little research investigating the association of nurse continuity with patient outcomes. Medical continuity was examined in one study (van Walraven, Oake, Jennings, & Forster, 2010 ) that focused on the association of care continuity of primary care practitioners and patient outcomes. Findings included improved patient satisfaction and decreased hospitalizations and emergency room visits for patients who had consistent primary care physicians (van Walraven et al., 2010) . As profiled next, there were only three studies found on nurse continuity, with only one focused on the relationship to adverse events. Bostrom, Tisnado, Zimmerman, and Lazar (1994) noted increased satisfaction with aspects of patient care (e.g., patient and family involvement) when nurse continuity was studied in 116 medical-surgical patients discharged from one tertiary medical center. Russell, Rosati, Rosenfeld, and Marren (2011) found reduced use of hospitals and emergent care and improved function in the activities of daily living when studying home healthcare visits (N = 59,854 patients) with consistent nurse care providers from one home care agency. Siow (2012) found in a secondary data analysis that greater levels of nurse continuity were associated with a longer length of stay and a greater number of ventilator days in one pediatric intensive care unit (N = 332 patients). No significant associations between nurse continuity and adverse events (i.e., medication/fluid events, airway management, falls) or hospital-acquired infections were noted.
Despite nurse continuity once being a critical feature of the primary nursing model, it has been infrequently studiedespecially related to patient outcomes. This lack of study may be attributed to the absence of reliable and valid data that link continuity and patient outcomes. To help demonstrate the connection between nurse staffing and patient outcomes, the EHR was used in this study as an untapped big data source. The EHR can be a valuable data source for data mining if it contains plan of care documentation coded in a way that allows easy access and is in a form amenable to analysis. In this study, the HANDS database was used to examine the association of nurse-staffing variables, including nurse continuity, and the prevention of one never event: HAPUs.
Recently, a new conceptual model for studying the effect of nurse continuity and nurse-staffing variables on patient outcomes was proposed ( Figure 1 ; Stifter et al., 2015) . The model depicts three relationships based on the hypothesis that nurse continuity is an integral nurse-staffing variable that can predict patient outcomes or moderate other nurse-staffing or unit environment variables leading to improved patient outcomes. It also shows a fourth relationship, specific to an examination of HAPUs, depicting the association of patient characteristics on patient outcomes. PUs are a prevalent never event (5%-10%) and a nurse-sensitive quality outcome (Anders et al., 2010) . Multiple factors contribute to PUs, including impairments of mobility, nutrition, and perfusion (Anders et al., 2010) , that are further affected by timely nursing assessment, monitoring, decision-making, and interventions. On the basis of the model and controlling for patient characteristics, our study aim was to determine the association of nurse continuity and nursestaffing variables with the presence of HAPUs.
METHODS

Design
This comparative study was a secondary use of the HANDS database. This same database has been used to examine best practice findings related to pain Yao et al., 2013) and death anxiety (Lodhi et al., 2014) outcomes for patients at the end of life. The database has also been used to document findings from usability studies that examine nurse preferences for the presentation of evidence as part of clinical decision support interfaces (Febretti et al., 2013) . This study was submitted to the institutional review board for review and was determined to not meet the definition of human subject research because the data are de-identified. Nurses and patients whose data were entered into the HANDS were assigned unique identifiers that allowed us to link the nurse's information to each of the plans of care created by that nurse. The nurse information captured included such facts as years of experience and education, patient load, and hours worked. Thus, the database structure and content allowed us to track and FIGURE 1. Conceptual model for studying the effect of nurse continuity on patient outcomes. The model depicts three relationships based on the hypothesis that nurse continuity predicts patient outcomes through nursing activities (assessment, monitoring, and decision making) and nursing interventions. The model shows that nurse continuity may moderate the effects of other nurse staffing or unit environment variables that lead to optimal patient outcomes. © Janet Stifter, 2015. Used with permission. link to each patient the nurse(s) who cared for the patient during a specified period of time and the characteristics of these nurses.
Setting
The HANDS is an electronic documentation tool with standardized nursing terminologies used by RNs to enter data each shift. The HANDS tracks a patient's diagnoses ( Moorhead, Johnson, & Maas, 2004) , patient demographics, and nurse characteristics (Keenan et al., 2008) . The HANDS is a valid and reliable database (Keenan et al., 2012; Yao et al., 2013) implemented as the nursing documentation system on nine units in four hospitals for 12 or 24 months during the time frame 2005-2008. The hospitals included two large community, one university, and one small community settings with units comprising medical-surgical and critical care patients.
Sample
The HANDS complete data set contains 42,403 episodes of care (Table 1) . Episodes of care are defined as a continuous patient stay on a single hospital unit and consist of all plans of care entered at admission, the end of each shift, and discharge from the unit (to another unit, facility, home, or death) . From the original HANDS data set, we extracted 24,609 episodes that satisfied the following criteria: (a) no PUs present upon admission; (b) each episode associated with a unique patient (one HAPU episode was excluded in this process), so multiple episodes during a single hospitalization were not included; (c) patients 18 years or older; and (d) episode lasted more than 1 day to allow a meaningful continuity measure.
We had about 11% missing data in our plan of care data in the form of time gaps between consecutive plans of care.
These missing data did not impact our extraction of patient characteristics that came from the admission plans of care but did affect the calculation of nurse-staffing variables. Multiple imputations of complex, structured, and very high dimensional data, such as HANDS data, are beyond the capability of existing statistical software. For this reason, we used mean imputation in our analysis and will address the potential bias of this strategy in our discussion of study limitations.
Measures
HAPUs Structured query language commands were developed to identify and extract all HAPU episodes in the HANDS data set. The HAPU episodes were defined as all episodes in which the label NIC: Pressure Ulcer Care was placed on the patient's plan of care at least 24 hours after admission to the unit. Episodes in which this NIC was placed on a patient's plan of care within 24 hours of admission to the unit were considered as admission pressure ulcers (APU). This definition ensured that PUs present on admission to the unit that were identified and documented by the nurse within the first 24 hours of care were not included as HAPUs. A total of 896 PUs were located in the original database (N = 42,403), with 685 classified as APUs and 211 as HAPUs (Table 1) .
Patient Risk Factors
Eighteen NANDA-I, 29 NOC, and 39 NIC labels (Table 2) were used to represent patient characteristics that we identified through our literature review as potential precursors of PUs. To identify these variables in our data set, we first matched the literature terms to the applicable NANDA-I, NOC, and NIC (NNN) terms. A variety of tools helped us with this matching process, including the NANDA-I to NOC and NOC to NIC linkages available in the HANDS system and in the NNN literature (McCloskey Dochterman & Bulechek, 2004; Moorhead et al., 2004; NANDA International, 2003) . Next, we examined NNN labels present on the plans of care for the 896 PU episodes to find relevant labels we missed in the first step. The final list of 86 NNN labels (Table 2) was validated by a clinical nurse expert with extensive experience and research in the use of standardized nursing terminologies. These labels fall under seven distinct categories: nutrition, mobility, hydration, continence, skin, perfusion, and cognition, each representing a PU risk characteristic. For each episode, we searched for these NNN labels on the admission plan of care. When a NOC label from our NNN risk characteristic list was found, we extracted the initial rating of it. For the NICs and NANDA-I risk characteristics found, we extracted the initial ratings of the NOC outcome associated to each. Patient age was also included as a patient characteristic because age is documented in the literature as a potential predictor of PUs (Anders et al., 2010) . Nurse Staffing Nurse-staffing variables were operationalized using the raw data also available in the HANDS data set (Table 3 ). In HANDS, nurse-patient assignments for each shift were documented, allowing us to compute the nurse-staffing variables on the patient level. For the HAPU episodes, nursestaffing variables were examined on all of the days leading up to the ulcer occurrence. The variable nurse continuity measures the percentage of time (excluding the first day) a patient was cared for by the same RN(s) from the previous day. For our continuity index, a score of 0 reflected a total absence of continuity whereas a score of 1 represented the highest level of continuity ( Figure 2) . Nurse experience was operationalized as the percentage of time a patient was cared for by RNs with at least 2 years of experience. The RN education variable was operationalized as the percentage of time a patient was cared for by RNs with a BSN or greater. The shift length variable was operationalized as the percentage of 8-hour RN care shifts in a patient episode. The RN work pattern variable was operationalized as the percentage of time a patient was cared for by very part-time RNs, defined as "RNs whose actual hours worked were less than or equal to 24 hours (.3) per pay period" (pay period = 80 hours over 2 weeks). To determine the average patient-to-nurse ratio for the patient episode, we computed for each 4-hour window the patient-to-nurse ratio on the unit and averaged the ratios of all windows spanned by the patient episode. 
HANDS Data Entry Process
A training program with unit champions oriented all nurse users to the HANDS method, and nurses were competency validated on creating admission care plans, as well as updating care plans using NNN terminologies (Keenan et al., 2012) . The HANDS documentation begins with the admission plan of care for an episode submitted at the first nursing handoff (Keenan et al., 2012) . This plan of care includes nursing diagnoses, outcomes, and interventions (delineated with NNN labels) identified during the initial shift. The subsequent care plans build on the initial plan and include any additions, deletions, or resolutions that occur during the time period since the last plan of care submission. The current status of all plan of care and NOC outcomes is rated at each handoff. When a NOC outcome label is first added to a plan of care, an expected NOC rating (goal at discharge from a unit) is also identified. The entry of a current NOC status rating at each handoff and the expected NOC outcome rating make it possible to gauge progress toward meeting outcome goals during an episode. All NOC outcomes are scored on a rating scale ranging from 1 to 5, with 5 representing the best outcome (Keenan et al., 2012) . Reliability and validity of NOC outcome ratings were previously established .
Control of Risk Factors: Clustering and Matching
Cluster mining was used to identify the matched control group for the analytic data set. Clustering is a machine-learning algorithm that groups observations into multiple clusters, with each cluster different from another but members within each cluster consisting of observations of similar characteristics (Two Crows Corporation, 1999) . A nonparametric method like clustering is ideal for our purpose, because it allowed us to control for patient risk accounting for complex relationships, including nonlinearity and high-order interaction, without having to specify a parametric model. The clustering and matching process described next was performed to ensure that the control and HAPU groups were matched on key characteristics that would enable us to assess the valid effects of the staffing variables on HAPUs in our later analysis.
To utilize clustering to accomplish our goal of controlling for these patient characteristics, we defined a similarity measure based on variables predictive of PUs, including NOC ratings for seven patient characteristics (perfusion, skin, nutrition, mobility, hydration, cognition, continence), patient age, and hospital unit. Variables were weighted using a weight by uncertainty operator (RapidMiner Studio, 2014) , which assigns higher weights to variables that are more predictive (and thus reduce more uncertainty) of the HAPU outcome to ensure that the similarity measure closely reflects the similarity in HAPU risks between episodes.
A range of cluster solutions was examined to identify a solution with no significant imbalance between the HAPU and control episodes. For each cluster solution, we randomly selected for each HAPU episode three matched control episodes from the same cluster but without PUs. Our goal was to locate a cluster solution with clusters that contained highly similar members based on the NOC ratings for the patient characteristics (NNN risk factors), patient age, and/or units that either led to HAPUs or did not lead to HAPUs (matched controls). As the number of clusters increases, the episodes within each cluster should become more homogeneous, allowing us to achieve a better balance between the control and HAPU cases. With a 200-cluster solution, we achieved our goal of no statistically significant differences between HAPU and matched control episodes on the seven patient characteristics and patient age. There was also no significant difference in the distribution of HAPU and non-HAPU episodes across the nine clinical units (Fisher's exact test, p = 1.0). The 630 matched control cases selected from this cluster solution and the 210 HAPU cases comprised the analytic data set for our regression.
Aim Analyses Analyses to address the study aim included descriptive statistics (frequencies, means, and standard deviations) to enhance understanding of the patient characteristics associated with HAPUs in the HANDS database. Frequencies were also calculated for the nurse-staffing variables by patient unit. A logistic regression using the Stata 12 statistical software package (StataCorp LP, 1996 was performed regressing HAPU outcomes against nurse continuity and six nurse-staffing variables (WHPPD, patient-to-nurse ratio, RN experience, RN education, shift length, RN work pattern [number of shifts cared for by very part-time vs. part/full-time staff]). A second logistic regression introduced interaction terms between nurse continuity and each nurse-staffing variable to determine whether nurse continuity had a moderating effect, enhancing the association of other nurse-staffing variables and HAPUs. 
RESULTS
The average age of patients with HAPUs was 68.9 (SD =15.3) years as compared to 65.1 (SD =18.2) years for episodes without HAPU (Table 4 ). The mean admission NOC outcome ratings were higher for all seven patient characteristics in the non-HAPU versus HAPU episodes. Results were statistically significant at a p < .001 for all but the cognition and continence patient characteristics (Table 4) .
As described in the Analysis section, clustering and matching produced a set of 630 matched controls for the 210 HAPU episodes, for which patient characteristics and unit effects have been controlled. With this sample of 840 episodes and a two-sided significance level of .05, we can detect with 80% power the continuity effect size that was 0.22 or larger. The overall mean continuity index for the reduced data set was low, .32 (SD = .35), with the lowest values on the ICU and neuro units (M = .21, SD = .21) and the highest (M = .42, SD = .24) on the gerontology unit in the large community hospital (see Table, Supplemental Digital Content 1, http://links.lww.com/NRES/A153). However, the large standard deviations implied that individual patient episodes had a wide variety of levels of continuity, allowing us to examine its effect. The correlations between patient risk characteristics and continuity were negligible (absolute value less than .1 for all characteristics).
Comparing the HAPU and the matched control episodes, there was no statistically significant difference on the staffing variables (see Table, Supplemental Digital Content 2, http:// links.lww.com/NRES/A154). The regression analysis revealed that continuity was not significantly associated with the HAPU outcome-both when it was the only predictor (p = .50) and when we controlled for other nurse-staffing variables (p = .37; Table 5 ). Similarly, none of the nurse-staffing variables entered in the logistic regression were significantly associated with HAPU outcomes. In a second logistic regression in which six interaction terms between nurse continuity and each nurse-staffing variable were introduced, again we found no statistically significant relationships to the HAPU outcomes (see Table, Supplemental Digital Content 3, http://links.lww.com/NRES/A155).
DISCUSSION
Nurse continuity is an understudied nurse-staffing variablein part due to difficulties in measuring the concept. Consequently, research examining the association of continuous nurse care providers and patient outcomes is very limited. In this study, we used the HANDS, an EHR with linked data to operationalize and measure nurse continuity. Our continuity definition was based on the percentage of time (excluding the first day) a patient was cared for by the same RN(s) from the previous day and examined the association of nurse continuity and several other nurse-staffing variables and HAPUs. We were able to validate that nutrition, mobility, perfusion, hydration, and skin problems on admission, as well as patient age, were associated with HAPU development (p < .001)-a finding supported by previous research (Anders et al., 2010) . However, we were not able to demonstrate statistically significant relationships between continuity and HAPUs or with nurse continuity as a moderator of other nurse-staffing variables and HAPU development. One study implication is to focus on the prevention of HAPU never events by providing good skin care, using alternative bed surfaces, and aggressively intervening with those patients who present with the risk characteristics associated with HAPU development.
A second important finding was the wide variation of RN continuity that we found both between and within the nine care units. Little is known about RN continuity; a future study focusing on a better understanding of this variable would provide valuable insight to current staffing practices and potential approaches for improvement. The highly variable level of continuity we found in the HANDS data suggests that, although no relationship was found in our first study with HAPU development, it may be possible to establish a relationship of continuity to adverse outcomes by examining other outcomes (e.g., falls, infections) or analyzing the data at a different level of granularity (shift level vs. episode level). A third notable finding is that it took 200 clusters before we were able to identify a cluster solution with no significant imbalance between the HAPU and matched control episodes. Our goal was to locate a cluster solution with each individual cluster different from the next one, but within each cluster members that were highly similar based on the NOC ratings for the patient characteristics, patient age, and/or units that either led or did not lead to HAPUs (matched controls). The fact that there were 200 different clusters in our solution, each made up of a particular combination of patient characteristics, patient age, and/or units, reflects the highly diverse profile of vulnerability that leads to a HAPU. The implication of this finding is that the one-size-fits-all standardized care bundles now commonly used for many nurse-sensitive outcomes (i.e., ventilator-associated pneumonia, catheter-associated urinary tract infections) may not be the most effective strategy to address the complexity of this patient condition. Rather, a case-by-case analysis of patient vulnerabilities that will generate a personalized nursing intervention strategy is likely to provide the most optimal approach for reducing hospitalacquired problems.
This study was groundbreaking for its use of an EHR big data set containing nursing care plan documentation as a means to comprehensively examine a nurse-sensitive patient outcome. Historically, the use of nursing care plan documentation in medical records for research inquiries would have been futile as documentation has been incomplete and of poor quality (Ehrenberg, Ehnfors, & Ekman, 2004; Gunningberg, Fogelberg-Dahm, & Ehrenberg, 2009 ). In one pre-and post-EHR implementation study, only 28% (n = 20/71 records) showed full documentation of a nursing problem, interventions, and outcomes using the electronic system (Ehrenberg et al., 2004) . In a second study of 161 records from a healthcare center, nursing care plans were rarely found and none of the plans included complete documentation of a problem, interventions, and outcomes (Gunningberg et al., 2009 ). On the other hand, the HANDS documentation system was uniquely available to examine nurse staffing and patient outcomes, with a remarkable 89% compliance rate at shift handoff for a 12-24 months of use period (Keenan et al., 2012) . This database allowed a specific examination of a HAPU outcome, linking it back to the nurse staffing for patient care over the course of a hospital episode. Although the National Database for Nursing Quality Indicators is available and frequently used to comparatively display nursing quality indicators across hospital units, at this juncture, that database is unable to connect patient-specific outcomes to the characteristics of nurses providing the care and patient characteristics that put them at risk. The availability of HANDS, and our innovative application of clustering and matching uniquely allowed us to identify matched controls for patients with HAPUs. In addition, the content of the data set also allowed us to operationalize the characteristics of the nurse caregivers over the course of the episode. We were thus able to drill down into readily available nursing plan of care EHR data to examine such questions as whether the percentage of experienced nurses or the average patient load influenced PU development. This accomplishment represents an important advance for nursing science in an era of big data science.
Limitations
There were several study limitations that may have affected the significance of our findings. One limitation is that hospital never events-although an important nurse-sensitive indicatoroccur infrequently, making it challenging to demonstrate a significant relationship between nurse staffing and a never event. In future studies, researchers might consider combining all never events. Another limitation is that the original HANDS data set contained only nursing care data. Future implementation of the HANDS will be linked to the EHR and will allow us to control for more confounders, thus improving power. Also, we relied on mean imputation because multiple imputations of complex, structured, and very high dimensional data in systems like HANDS are beyond the capability of current software analysis programs. Mean imputation can potentially introduce bias, especially in the form of underestimating standard errors. In the case of this study, because we did not find significant associations between nurse-staffing variables and HAPUs, it is unlikely that multiple imputations will lead to a different conclusion. However, development of effective methodology for processing missing data within big data will be essential as nursing research moves into the big data era.
Two final study limitations may have been our continuity and PU definitions. We defined continuity as "the percentage of time (excluding the first day) a patient was cared for by the same RN(s) from the previous day." If an RN missed a consecutive care day but was assigned to the patient again at a later point in the episode, that day was not weighted in our definition. In retrospect, this definition might not have been broad enough and, in light of our current short hospital length of stay, may have increased our difficulty in discerning an association of adverse events with continuity.
This study also used a very conservative PU definition (prevalence = 0.7% vs. 5-10%; Anders et al., 2010 , in published research) as we selected a single label, NIC: Pressure Ulcer Care, to increase our certainty that included cases reflected only HAPUs. Expanding our definition to include other labels in the HANDS database such as NIC: Pressure Management would have increased our case count by 1,000 (prevalence = 2.1%), but without further study, it is unclear that this less specific term applies only to HAPUs.
Conclusions
In this study, we showed the use of a large EHR database (the HANDS) as an innovative data source for practice-based research. We set out to measure and determine the association of nurse continuity-an understudied nursing-staffing variableand the prevention of a common never event-HAPUs. In the process, we applied an innovative clustering and matching method to nonparametrically control for patient characteristics. This approach is especially suitable for studies focusing on the association of nurse staffing and patient outcomes, circumventing the need for researchers to specify complex models accounting for patient risk factors. We validated findings in the literature that indicate patient characteristics, such as mobility, nutrition, and perfusion, are associated with HAPU development. We showed a high level of variation in the level of continuity between patient episodes in HANDS data, demonstrating that it offers rich potential for the future study of nurse continuity and its association with patient outcomes. We believe that these further studies are urgently needed so that hospital administrators can make informed decisions when reorganizing healthcare delivery systems, thus securing safe, high-quality care for all hospitalized patients.
